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ABSTRACT 
Polyphonic timbre refers to the overall timbral mixture in 
a music signal. Some of their most salient acoustic di-
mensions is the Sub-Band Flux. Our hypothesis is that 
there is a temporal alignment between the Sub-Band Flux 
changes and the perceived textural layers’ onsets and 
offsets in electronic dance music (EDM). The study had 
two methods: (i) an experiment in which 15 professional 
musicians were asked to record in Reaper every per-
ceived textural layer’s onset or offset of 11 EDM’s 
tracks, (ii) and the estimation of the transitional temporal 
data between homogeneous and successive states of Sub-
Band Flux from sound signals. Both data sets were corre-
lated. We found some temporal coincidences between the 
Sub-Band Flux changes and the perceived textural layers’ 
onsets and offsets. Lowest spectral flux’s bands show 
significant correlations with perceived texture, and it 
could mean that timbre and texture share a mutual acous-
tical background. 
1. BACKGROUND 
We perceive timbre as a multidimensional representation 
[1]. Nowadays, the study of timbre tries to find the acous-
tical features that afford our multidimensional perception. 
There are two main categories of timbre based on dif-
ferent ideas of timbre blends: individual or monophonic 
timbres, and emergent or polyphonic timbres [2]. Mono-
phonic timbre has been the main subject of study for a 
long time, and some of their acoustical features with 
perceptual correlations are spectral centroid, spectral flux, 
log-attack time, roughness and the Mel-Frequency 
Cepstral Coefficients (MFCC), among others. However, 
monophonic timbres are almost non-existent in our daily 
auditory experience. On the contrary, our sonic and musi-
cal environment is formed by polyphonic timbre.  
Polyphonic timbre is defined as the overall timbral mix-
ture in a music signal [3]. Its acoustical dimensions are 
currently being explored. Alluri [2] has analyzed a great 
quantity of acoustical features on a set of musical stimuli, 
to establish their relevance in the auditory experience of 
polyphonic timbres. One of them is the Sub-Band Flux 
feature. This feature “represents the fluctuation of fre-
quency content in ten octave-scaled bands of the spec-
trum. (…) For each of the ten channels the spectral flux 
was calculated as the Euclidean distance between succes-
sive amplitude spectra” [2]. Alluri [4] found that some 
bands show strong correlations with timbral semantic 
descriptions of Indian music. The three lower bands (0-
200 Hz) are related with the sensation of “fullness”. 
Hartmann, Lartillot and Toivianen [5, 6] also find that the 
Sub-Band Flux plays a role in the perceptual segmenta-
tion of music. Unlike Alluri, they do not work with each 
band separately, but with a blend of all spectral flux’s 
bands. 
We think that the Sub-Band Flux might be a salient 
acoustical feature of polyphonic timbre in other music 
styles and in different types of perceptual tasks. 
Beyond that the concept of polyphonic timbre does not 
refer to the textural aspect of music, but relates to the 
emergence of polyphonic timbres in non-monophonic 
textures. According to Fessel [7], the textural types are 
defined by five features: layers, homogeneity, linearity, 
accent coincidence, and attack divergence.  
In electronic dance music (EDM), the layers are the 
most relevant feature for the definition of textural types. 
Normally, there is not a lead voice in the EDM, because 
all layers have relatively the same importance [8]. This 
characteristic produces some specific textural types, as 
mass texture, extended heterophony, paraphony, and 
rhythmic or timbral polyphony, and the EDM genres are 
partly differentiated by their textural features [9]. Accord-
ing to Anzil, audio-tactile sensation is a key feature in 
composition and in multisensorial perception of timbre in 
the EDM parties. This sensation is clearer in the low 
frequency zone.   
2. HYPOTHESIS 
People are perceptually sensitive to textural layers’ onsets 
and offsets in EDM. These perceived transitions are tem-
porarily aligned with Sub-Band Flux changes. We antici-
pate that the most perceptually relevant textural layers’ 
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onsets and offsets will be temporarily aligned with the 
most pronounced acoustic changes. 
3. AIMS 
To find temporal correlations between timbral and textur-
al changes, with the long-term perspective of developing 
a model about these linkages. 
4. METHOD 
4.1 Experiment 
4.1.1 Subjects 
15 professional musicians participated in the experiment 
(MA=31; SD=6.9; average 15.8 years of music studies in 
institutions). All subjects had heard of EDM, but only 4 
had been or currently were users of EDM parties.  
4.1.2 Stimuli 
11 EDM’s tracks were used on the experiment (2:45 
minutes average duration per track) [10]. 
The selection was based in the variety of EDM’s gen-
res, with different textural and timbral qualities. The 
genres of selected tracks were deep and electro house, 
techno, trap, acid and trance. This selection was made by 
auditory analysis of the authors.  
4.1.3 Procedure 
The experiment was done on Reaper v.5 with two Mackie 
mk3 mr6 monitors. We provided 11 Reaper projects 
randomly ordered (one for each track). Participants were 
asked to record every perceived textural layer’s onset and 
offset of EDM’s tracks by pressing the letter “m” of the 
computer keyboard. In order to get temporarily accurate 
marks, this was not a real-time task: participants could 
listen to each track as often as they needed, and delete, 
add or change the temporary location of marks. 
The task involved an analytical listening, where partici-
pants had to determine what was a textural layer in the 
music they were working on. We asked them to make a 
decision using a single criteria for each track, giving the 
example: “if you make a mark for a little sound that you 
would consider a textural layer, you must mark all layers’ 
onsets and offsets of that level of significance. This level 
of significance has to emerge from the music and could 
change from track to track”. 
After the task, we asked participants if the textural lay-
er’s onsets and offsets were perceived as musically rele-
vant. 
4.2 Computational modelling 
All analysis were made on Matlab R2015a. We use Mir-
Toolbox1.7 for the feature extraction and novelty detec-
tion [11]. 
4.2.1 Sub-Band Flux extraction 
Sub-Band Flux was computed by firstly filtering the 
sound signal in 10 spectral bands, and secondly extracting 
the spectral flux for each band. The analysis window 
normally used for Sub-Band Flux extraction is 0.025 
seconds with 50% overlapping. Given the subsequent 
analysis, we used a 1 second window without overlap-
ping (see Novelty Detection). 
We used two sets of Sub-Band Flux data. On the one 
hand, a single temporal series of Sub-Band Flux was 
computed by combining the data of all bands. This series 
bears the Sub-Band Flux information of the complete 
spectrum. We will call it general Sub-Band Flux data, to 
differentiate it from the other set. On the other hand, 
spectral flux data of each band was used separately. 
4.2.2 Novelty Detection 
The novelty function detected the dissimilarity between 
homogeneous and successive states, and the relative im-
portance of these temporal transitions. The peaks of the 
resulting novelty curve represent the moments of struc-
tural change in the sound. These segmentation points are 
often correlated with perceptual tasks results [12], to 
evaluate the perceptual relevance of the acoustical struc-
ture of a musical signal.  
There are several approaches to novelty detection [13, 
14, 6]. We decided to use the multi-granular method 
proposed by Lartillot et al. [14], because its algorithm can 
detect homogeneous states of different temporal lengths. 
The computation of the novelty curve in this approach is 
attached to the previous feature window analysis. We 
processed the signal with different window sizes to de-
termine which have a more adjusted temporal alignment 
with the perceived layer’s onsets and offsets. In order to 
get an acoustical data to correlate with perceptual task 
results and considering their possible temporal impreci-
sions, we decided that a 1 second window without over-
lapping was the better choice. 
5. RESULTS 
5.1 Perceptual Task 
All participants of the experiment showed perceptual 
sensitivity to textural layers’ onsets and offsets, and 
93.3% judged that this textural layer behavior was rele-
vant in the music of the task. 
Frequency of perceived layers’ onsets and offsets were 
calculated by counting the number of all participants’ 
marks made in the same second (frequency range: 1 to 
15). The maximum frequency represents the 3.83% of 
total marks of the experiment (SD of all tracks frequen-
cy=0.28, normalized). 
5.2 Perceptual and Acoustic Correlations 
Initially, we searched for temporal coincidences between 
the higher values or peaks of the novelty curve of general 
Sub-Band Flux and all marks of the perceptual task (of all 
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participants and all tracks). There was a total of 47.12% 
coincidence, among all the tracks. Percentage of coinci-
dences for every track is shown on Table 1. 
 
Track Temporal coin-
cidence (%) 
Correlation 
Coefficients 
1 44.4 0.58 
2 24 0.5 
3 51.6 0.43 
4 43.6 0.07 
5 59.4 0.36 
6 34.8 0.42 
7 40.9 0.5 
8 39.4 0.39 
9 52.6 0.5 
10 46.5 0.54 
11 47.6 0.38 
Table 1. Percentage of temporal coincidences between 
perceptual marks of experiment and novelty peaks of 
general Sub-Band Flux; correlation coefficients between 
marks’ frequency and novelty values  
We ran two set of correlations. In both, we searched for 
the novelty values of Sub-Band Flux for the temporal 
locations of all marks made by every participant in the 
perceptual task, and correlated the mark’s frequency and 
their corresponding novelty values. 
In the first set of correlations, we used the general Sub-
Band Flux data, which includes information of complete 
spectrum. Results show significant correlations for some 
tracks and low correlation coefficients for others (medi-
um-high significance = 45.5%; medium-low significance 
= 45.5%; no correlation = 9%) (Table 1).  
 
Figure 1. Box plot of correlation coefficients of each 
spectral flux’s band between their values and the fre-
quency of perceptual marks, in the 11 stimuli. 
In the second set, we correlated the marks’ frequency of 
the perceptual task and the values of each separately 
spectral flux band for each perceptual mark’s temporal 
location. Correlation between frequency of all marks and 
the temporal series for the separately spectral flux’s 
bands did not show significant results. We thought that it 
is possible that the perception of textural layer’s onsets 
and offsets is linked to acoustic changes in some part of 
spectrum, as the Sub-Band Flux feature itself proposes. 
Thus, the perceptual marks not related to a high value of 
a spectral flux’s band, could be related to another.  
To confirm this, we started searching the higher peaks 
of the novelty curves of all spectral flux’s bands. Then, 
we selected the perceptual marks that were temporarily 
coincident with any of the novelty’s higher peaks, and got 
10 different sets of marks (one per spectral flux’s band). 
Finally, we correlated the selected marks’ frequency and 
their novelty values. This method increases the correla-
tion significance: spectral flux’s bands 1 and 2 show 
significant correlation values (band 1’s mean= 0.5; band 
2’s mean= 0.4) (Figure 1). 
6. DISCUSSION 
The present study found some links between the per-
ceived textural layer’s onsets and offsets, and Sub-Band 
Flux changes in EDM. However, these links are not as 
strong as we expected. 
The analysis of a general Sub-Band Flux’s novelty –i. 
e., novelty of the blending of all band’s data in a single 
curve- shows a clear relationship with the perception of 
textural layer’s changes. This connection is not so strong 
in a more detailed analysis. Low correlation coefficients 
for each spectral flux’s band make us think that its 
changes are not so relevant to the layer’s onsets and off-
sets perception. The links between changes in Sub-Band 
Flux and texture could be occurring at an acoustic and 
perceptual global level.  
On the one hand, we think it is likely that other acoustic 
features are involved in the perception of texture layers. 
This could be explained through a joint analysis of a 
bigger set of features. On the other hand, it is also possi-
ble that this unstable link between Sub-Band Flux and 
texture is an EDM’s stylistic characteristic. It would be 
necessary to include a more stylistically varied set of 
stimuli in a future study. 
However, there are two spectral flux’s bands which 
show significant correlations with the perceived layers: 
band 1 (0-50 Hz) and band 2 (50-100 Hz). Alluri had 
found that these lowest bands are related to the “fullness” 
descriptor of timbre sensation. This result not only con-
tributes to the idea of the perceptual relevance of the 
lowest Sub-Band Flux behavior, but also allows to think 
of a possible shared acoustical background for timbre and 
texture perception.  
Moreover, the lower frequencies have special treatment 
in the EDM and they are audio-tactilely perceived in a 
club with a specific kind of amplification. It is interesting 
to notice that even in a completely different acoustic 
environment, the low frequencies seem to be more per-
ceptually relevant regarding texture than the rest of the 
spectrum.  
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